Using the corpus of JSTOR articles, we investigate the role of gender in collaboration patterns across the scholarly landscape by analyzing gender-based homophily-the tendency for researchers to co-author with individuals of the same gender. For a nuanced analysis of gender homophily, we develop methodology necessitated by the fact that the data comprises heterogeneous sub-disciplines and that not all authorships are exchangeable. In particular, we distinguish three components of gender homophily in collaborations: a structural component that is due to demographics and non-gendered authorship norms of a scholarly community, a compositional component which is driven by varying gender representation across sub-disciplines, and a behavioral component which we define as the remainder of observed homophily after its structural and compositional components have been taken into account. Using minimal modeling assumptions, we measure and test for behavioral homophily. We find that significant behavioral homophily can be detected across the JSTOR corpus and show that this finding is robust to missing gender indicators in our data. In a secondary analysis, we show that the proportion of female representation in a field is positively associated with significant behavioral homophily.
. When women miss opportunities to participate and take leading roles in collaborations, they miss opportunities to develop mentoring relationships, knowledge, skills, and professional credentials relevant for grant-getting, hiring, promotion, and tenure (Bozeman and Corley, 2004; McNeely and Schintler, 2010; Warner et al., 2016 Warner et al., , 2017 . As such, we need to understand how and under what conditions women collaborate if we hope to improve women's advancement along the academic pipeline and at the leading edge of scholarship.
Despite the far reaching consequences of gender homophily in scholarly team formation, most research on the topic has been limited to studying individual academic disciplines such as economics. A study of publications from a cohort sample of 178 PhDs in economics found that women were over five times more likely than men to have female co-authors (McDowell and Smith, 1992) ; another study of 3,090 articles in the top three economics journals from 1991 to 2002 found evidence of gender homophily in co-authorship at the sub-field level (Boschini and Sjgren, 2007) .
The primary goal of this analysis is to measure whether team formation is gender-neutral across the scholarly landscape and at varying levels of granularity. Secondarily, we explore what characteristics of intellectual communities are associated with statistically significant gender homophily. This paper extends previous work by considering a broader scholarly landscape; specifically, we examine the JSTOR corpus-an archive that includes papers across the physical sciences, social sciences, and humanities. We first exploit a previously developed hierarchical clustering of science (Rosvall and Bergstrom, 2008) to define sub-disciplines and then estimate the observed homophily and the extent to which it can be attributed to confounding due to variations in gender representation and authorship norms across sub-disciplines and scholarly fields.
1. Measuring homophily in co-authorships.
1.1. Quantifying assortativity. We consider the unit of analysis to be an authorship-an instance of co-authoring a single article-rather than an author who may have co-authored multiple articles; implications are addressed in the Discussion. For a set of authorships, Ted Bergstrom's α (Bergstrom, 2003) is α = p − q, where p is the probability that a randomly selected co-authorship of a randomly selected male authorship is male, and q is the probability that a randomly selected co-authorship of a randomly selected female authorship is male.
Our analysis framework is not dependent on a particular metric; however, we use α due to its interpretation as a difference in risks and its connection to Wright's coefficient of inbreeding (Wright, 1949) . Indeed, α is a generalization of Wright's coefficient to the multi-author scenario, and the two measures are equivalent when all papers have two authors. Bergstrom et al. (2016) show that α is equal to the observed coauthor-gender correlation in a given collection of papers while Wang and Erosheva (2010) show that α is equivalent to Newman's network-based assortativity coefficient (Newman, 2003) in an appropriately weighted network.
For a set of authorships, the possible values of α depend on various structural aspects such as the gender ratio, the total number of authorships, and the number of authorships on each paper. For concreteness, suppose all papers have two authors, and let π be the proportion of the less frequent gender. If the proportion of female-male papers is what we would expect under random pairings, 2π(1 − π), then α = 0; if there are no female-male papers, α = 1; if the proportion of female-male papers is the largest attainable value, 2π, then α = −1/ (2 − 2π) which is between −1 and 0.
1.2. Homophily in a heterogeneous setting. When analyzing papers from across the scholarly landscape, observing a large value of α is not sufficient to indicate that gender plays an active role in co-authorship decisions. To elucidate this point, we distinguish between the structural, behavioral, and compositional aspects of gender homophily. Within a tightly focused intellectual community, if co-authorships are formed randomly, the expected α should be near 0, but the exact distribution of α in each community depends on the various structural aspects mentioned previously. For instance in Figure 1 , when permuting authorships within their fields without regard to gender, the expected α for A and B are not 0, but −0.08 and −0.13 respectively. We use structural homophily to describe the deviation of α from 0 that arises due to these structural aspects.
When examining aggregations of intellectual communities, we no longer expect to see teams formed completely at random because individuals are more likely to co-author with others who share intellectual interests. Given that gender representation varies across disciplines, collaboration along the lines of shared interests generate homophily that we denote compositional homophily. Figure 1 provides an illustrative example with two fields, A and B, with 4 papers each. Within each field, the observed configuration of authorships result in α of −2/11 for A and −1/8 for B; however, when all 8 papers are aggregated, α = 9/20. This occurs because the proportion of females in B is much greater than that in A. If the intellectual interests in A differ from those in B, it would be reasonable to conclude that the observed gender homophily is actually driven by discipline homophily. Blau (1977) uses "consolidation" to describe homophily induced by factors (in this case discipline) which are associated with the factor of interest (in this case gender). In statistics, it is a case of Simpson's paradox (Simpson, 1951) where homophily is confounded by gender imbalances across scholarly fields. In population genetics, this phenomenon is known as the Wahlund effect (Walhund, 1928) : random mating within subpopulations does not imply HardyWeinberg equilibrium in the population as a whole. Indeed, under the Wahlund effect, we would not expect Wright's F (which would be equivalent to α) to be 0.
In contrast to structural and compositional homophily, which could occur even if authors select co-authors irrespective of gender, we use behavioral homophily to describe deviations of α from its expected value under structural and compositional homophily which could be due to explicit or implicit consideration of gender when selecting co-authors.
These notions of homophily map onto the two components of homophily discussed by McPherson et al. (2001) -baseline homophily and inbreeding homophily-in a context of voluntary and professional network ties such as those of friendship, support, and advice. Specifically, they described baseline homophily as homophily "created by the demography of the potential tie pool and inbreeding homophily as "homophily measured as explicitly over and above the opportunity set (McPherson et al., 2001, pg 419) . Our notion of structural homophily aligns with baseline homophily of McPherson et al. (2001) , though we prefer to use the term "structural which does not have temporal connotations 1 . McPherson et al. (2001) emphasize that their definition of inbreeding homophily does not refer to "choice homophily purified of structural factors," but instead encompasses "homophily induced by social structures below the population level ... to homophily induced by other dimensions with which the focal dimension is correlated, and to homophily induced by personal preferences. (McPherson et al., 2001, pg 419) . Indeed, compositional homophily accounts for homophily induced by "structures below the population level" and the correlated dimension of intellectual interests, and we assume the remaining homophily-behavioral homophily-is "induced by personal preferences." We acknowledge, however, that the behavioral homophily we measure may not be strictly due to gender and can be potentially correlated with other social stratification dimensions that we dont observe in our data such as race or ethnicity.
1.3. Data. In the JSTOR corpus, "subpopulations" which may create compositional homophily correspond to tight intellectual communities that focus on similar research questions. To identify these communities, we apply a hierarchical implementation of the InfoMap network clustering algorithm to the citation network on the JSTOR corpus Bergstrom, 2008, 2011) . The algorithm reveals the hierarchical structure of the corpus through efficient coding of random walks on the citation network. At the lowest level of the clustering, each paper is grouped into one of 1,450 terminal fields which form the finest partition of the data. These terminal fields are indicative of scholarly communities tied by shared narrow research topics or methodologies. Each higher level of the clustering forms a progressively coarser partition of the documents by aggregating terminal fields into composite fields. Finally, there are 24 identified top-level fields that are indicative of disciplinary divisions (West et al., 2013) such as molecular and cell biology, economics, statistics, and sociology. The hierarchical structure obtained from the InfoMap algorithm has up to 6 levels. At any given level of hierarchy, papers in a common field are more connected to each other via citations than they are to papers from neighboring fields. Likewise, the fields defined by a lower (finer) level of the hierarchy are more connected than fields defined by a higher (coarser) level in the hierarchical clustering. This hierarchical clustering allows us to test for behavioral homophily at varying levels of granularity. An interactive browser of the clustering can be accessed at the Eigenfactor browser: http://eigenfactor.org/projects/gender_homophily.
We include all papers clustered into one of the terminal fields that were published between 1960 -2011 and have more than one author. After the cleaning procedure described in Section 4, this amounts to 252,413 papers with 807,588 authorships. We impute the gender of authorships using first name as discussed in section 4.4.1 and the supplement.
Results.
2.1. Measuring Behavioral Homophily. To estimate the contributions of structural, compositional, and behavioral homophily to the overall observed homophily, we compare the observed α to α measured on plausible hypothetical configurations which aim to reflect all relevant aspects of co-authorship choice except behavioral homophily. Specifically, we sample these configurations from the null distribution-described below and given explicitly in (2)-that encodes the null hypothesis of no behavioral homophily. Roughly speaking, we fix the papers and field structure and shuffle authorships so that co-authorships are formed without regard to gender. Systematic differences between the observed α and the values from the null would suggest behavioral gender homophily.
To reflect the underlying structural homophily, we restrict the distribution to configurations that preserve structural aspects of our data: i.e., the total number of male/female authorships, the number of authorships on each paper, and the number of papers/authorships in each field. To capture compositional homophily and scholarly connectivity across terminal fields, we allow interterminal field swaps with a probability proportional to the flow of citations between the authorship's original terminal field and other terminal fields in the corpus. Configurations with authorships in their original or nearby (as defined by citation flows) terminal fields are much more likely than configurations where they are far away; for almost all cases, an authorship remains in its original terminal field with probability above 0.9. This ensures that under the null distribution, the gender ratio of any terminal field stays close to the observed ratio. However, inter-field swaps may occur with small probability to reflect cross-field collaborations; this also makes the null distribution less sensitive to the otherwise discrete assignment of documents to terminal fields. Finally, we treat authorships within a terminal field as exchangeable; i.e., in the counterfactual world, all authorships are equally likely to appear on any other paper in the terminal field and co-authorships are formed without regard to gender.
We calculate α for each configuration and test for the presence of behavioral homophily. The p-value for each field is the proportion of α's from the null distribution which are greater or equal to the observed α. A small p-value implies that under only structural and compositional factors, the observed α is unlikely to occur and suggests the presence of behavioral homophily. Direct sampling from the distribution is intractable so we use a Markov chain Monte Carlo Metropolis-Hastings procedure.
2.2. Main Analysis. Table 1 summarizes results for the entire JSTOR corpus and all top-level fields. The first column gives both the observed α and the expected α from the null distribution. The expected α is positive for every top-level field, implying that even when collaborator choices are gender-blind, same-gender co-authorships are expected to occur more often simply because of the structure and gender composition of these fields. Also, the observed α exceeds the expected α in all top-level fields. Figure 2 provides a representation of the hierarchical clustering for Economics; the observed α is 0.11, but given only structural and composition homophily, we would expect an α of 0.02. Similar illustrations for all fields are available in the interactive browser.
For concrete interpretation, consider a setting where every field consists of 100 two-author papers. Then for a given α and proportion of female authorships π, F M (α, π) = 200 (1 − α) π(1 − π) is the number of heterophilous (female-male) papers. In the F M column (Table 1) , we report F M (α, π) for the observed/expected α of each top-level field, setting π to the proportion of observed female authorships in that field. Note that the magnitude of changes in α does not always correspond to observed F M papers in a direct way; e.g., Education and Organizational and Marketing have similar observed and expected α values, but the difference between the observed and expected heterophilous papers is larger in Education than in Organizational and Marketing (6.0 vs 4.2) because Education has a larger proportion of female authorships.
We perform hypothesis tests for all top-level, composite, and terminal fields using p-values adjusted by the Benjamini-Yekutieli (Benjamini and Yekutieli, 2001) procedure to control the false discovery rate at .05. The procedure is likely quite conservative in our setting; in the supplement, we provide results for less conservative multiple testing procedures and different false discovery rates. We reject the null hypothesis of no behavioral homophily in the JSTOR corpus, in 20/24 (83%) top-level fields, in 82/280 (29%) of composite fields (not including the top fields), and in 124/1450 (9%) terminal fields. Across JSTOR, and in almost every top-level field, the incidence of significant behaviorial homophily in composite fields is at least as large as the incidence among terminal fields. We posit two reasons for this. First, composite fields are an aggregation of terminal fields, and we expect behavioral homophily in a composite field aggregates roughly as an "or" operator over its terminal fields (i.e., behavioral homophily in a single terminal field typically implies behavioral homophily in the corresponding composite field). However, as seen in the Eigenfactor browser, there are composite fields with significant homophily despite having no significant terminal fields. Thus, we also posit that composite fields have higher testing power due to their larger size. In general, there is a trade-off between increasing testing power by aggregating data versus controlling for confounders by analyzing the data at a fine-grain level. This highlights the benefit of our approach which allows testing homophily in composite fields, where we have more power, while still accounting for compositional effects.
Table 1
Results for the JSTOR corpus and each top-level field, sorted largest to smallest (top to bottom) by number of authorships. The α column gives the observed value and expected value under no behavioral homophily; the F M column gives the number of heterophilous papers corresponding to the observed and expected α. The "P-value" column gives the Benjamini-Yekutieli adjusted p-value for the top-level field; "Term" and "Comp" give the numbers of significant/total terminal and composite fields, respectively. In the supplement, we compare results from our approach to those from a naive approach that does not account for compositional homophily and only accounts for structural homophily by treating all individuals within a given composite or top-level field as exchangeable. In this analysis, we find significant homophily in 21/24 top-level fields and 157/280 composite fields. Unsurprisingly, in almost all cases, the expected α under the null distribution which accounts for compositional homophily is larger than the expected α when only accounting for structural homophily.
2.3. Secondary Analysis. We also test whether certain characteristics of a terminal field are associated with significant behavioral homophily observed in the multi-author papers. We fit a logistic regression for all terminal fields where the outcome is whether or not statistically significant behavioral homophily is detected (H i ) and the covariates are the ratio of % of solo-authorships which are female to the % authorships on multi-authored papers which are female (R i ), the proportion of all authorships (solo and multi) which are female (F i ), and the log of the number of authorships (S i ).
Previous work (Boschini and Sjgren, 2007) has shown that gender homophily is positively associated with increased female representation. We also include an indicator (M i ) for whether the field is majority female (i.e., M i = 1 {F i >.5} ) and the interaction term (F i × M i ); this allows the association between behavioral homophily and female % to change slope in majority female terminal fields since gender dynamics may systematically differ in majority female fields. Furthermore, where concerns about gender discrimination are common, we might observe a positive association across subfields between relative rates of solo-authorship for the lower-frequency gender (women in most cases) and increased behavioral homophily, since both would be rational choices in reaction to gender discrimination in collaboration Rubin and OConnor (2018) ; O'Connor and Bruner (2017); Ferber and Teiman (1980); McDowell and Smith (1992) .
We calculate robust standard errors using a generalized estimating equation procedure with a diagonal working covariance where the clusters correspond to top-level fields.
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The ratio of female solo-authors to multi-authors is not significant (p-value = .6); however, field size (S i ) and the proportion of females (F i ) have a statistically significant positive association with behavioral homophily (p-values < 10 −16 , 10 −4 respectively). The estimate of the interaction term (F i ×M i ) is negative, but both the majority female indicator and interaction term are not significant (p-values of .07 and .052). Further details are provided in the supplement.
2.4. Sensitivity to missing gender indicators. Our main analysis used gender indicators for the 87.9% of authorships with first names that are used predominantly for one gender and removed the other 12.1% of authorships (see Section 4.4.1). This rate of missingness compares favorably with previous studies (Sugimoto et al., 2013) , and we explore the impact of missingness with a sensitivity analysis using two multiple imputation strategies.
The first strategy imputes each missing indicator according to the proportions of assigned genders in its original terminal field. This assumes that there is no behavioral homophily in the missing data because the imputed genders are conditionally independent given the terminal field, providing a reasonable lower bound on the homophily we might have obtained given the full data. The second strategy imputes each missing gender indicator according to the proportions of assigned genders on its original paper; if a paper contains only unassigned authorships, we impute a single gender for all authorships according to the proportions of assigned genders for the terminal field. By construction, papers with one or no assigned authorships are always homophilous, thus this imputation strategy provides a reasonable upper bound on the homophily we might have observed given the full data. We repeat the main analysis procedure to test for behavioral homophily in each of the imputed data sets; details are given in the supplement. For each strategy, Table 2 shows the average proportion (across 10 imputations) of fields with significant behavioral homophily. In both strategies, we assume that the observed gender proportions are good estimates of the true gender proportions, and we do not address bias which may be induced if one gender is more likely to be unidentified than the other 2 .
3. Discussion. When controlling for the hierarchical structure of scholarly communities and for field-specific cultures of collaboration, we observe behavioral gender homophily in co-authorships across wide swaths of the JSTOR corpus. This holds across all levels of granularity, from top-level scholarly fields to intellectually narrow terminal fields.
Although we focus on gender and co-authorship, our methodology generalizes to studying homophily in other contexts where confounding occurs. For example, racial homophily may be confounded by spatial structure and homophily by illicit substance use in adolescents may be confounded by age or peer environment. Using a similar sampling procedure to control for observable structures could allow for a more nuanced analysis of homophily in these contexts as well.
While this methodology represents a substantial step in understanding homophily by allowing identification of its structural, compositional and behavioral components, there are a number of other methodological issues that present fruitful avenues for future work. For example, there are likely compositional effects due to aggregating data across time because gender representation has changed over time. Our analysis addresses some temporal aspects explicitly by considering publications from a limited time-span and implicitly by using the hierarchical clustering which may capture some time dynamics. However, a future analysis might directly incorporate temporal information into the null distribution. Also, because disambiguating authorships across papers is difficult without additional identifying information (Torvik and Smalheiser, 2009 ), our analysis considers authorships rather than authors. However, in terminal fields with very few female authors, this may actually overestimate structural and compositional homophily (and underestimate behavioral homophily) by allowing for configurations with large α where multiple authorships corresponding to the same female author are reassigned to the same paper. In addition, since individuals are more likely to co-author with previous co-authors, a future analysis with disambiguated authors could capture co-authorship dependency across papers. Finally, we choose not to include solo-authored papers, because their inclusion would require strong modeling assumptions about the decision to write a solo-author paper versus to collaborate on a multi-author paper. However, it is unclear whether this systematically biases our behavioral homophily estimates.
In the secondary analysis, we find that female representation and field size are positively associated with statistically significant behavioral homophily. Scientifically, this result may seem counter-intuitive on its face; however, it is not surprising from the perspective of homophily (McPherson and Smith-Lovin, 1987) : as the representation of women increases, it becomes more likely that samegender individuals who are sufficiently compatible along other key dimensions become available as prospective co-authors. This is consistent with with prior research in Economics which finds that behavioral homophily tends to be larger in sub-fields with a higher proportion of females (Boschini and Sjgren, 2007) . Indeed, if womens representation increases in areas of scholarship that remain stereotyped as male, women may have implicit or explicit preferences to collaborate with other women to protect against stereotype threat: experiments demonstrate that the presence of other women enhances womens confidence, performance, and motivation in male-stereotyped domains (Murphy et al., 2007; Sekaquaptewa and Thompson, 2003; Inzlicht and Ben-Zeev, 2000; Stout et al., 2011; Marx and Roman, 2002) . However, because more balanced gender representation and larger field size also increase the power of our testing procedure, future work is needed to disentangle whether these factors are actually associated with increased homophily or simply due to our increased ability to detect homophily. We also find that the ratio of the proportion of single authored papers written by females to the proportion of female multi-authorships is not significantly associated with behavioral homophily. However, an analysis which directly models single-author papers could be more conclusive.
Future work should further evaluate the short-term and long-term strategic value of gender homophilous collaboration for women. In the short-term, do women who engage in gender homophilous relationships experience higher rates of retention in the authorship pool 3 , productivity, and impact? In the long-term, do gender-homophilous co-authorships give rise to gender-homophilous intellectual communities? And if so, does increasing the ratio of women in an intellectual community lead to its devaluation/impact, just as increasing the ratio of women in an occupation can decrease its prestige (Goldin, 2014) ?
While many open questions remain, the direct implications of our current results are important: since behavioral gender homophily is not due to structural and compositional aspects such as gender imbalances across subdisciplines, and is endemic to some of the smallest intellectual communities, it might only be mitigated by changing the current cultural norms and perceptions that drive behavioral gender homophily within those communities.
4.2. Sampling procedure. We use a to denote an authorship in A, the set of all authorship instances.
Let X = {f a , d a } a∈A be a configuration where f a and d a denote the terminal field and document to which authorship a is assigned, and let X * = {f * a , d * a } a∈A denote the observed configuration and p faf a denote the probability that an authorship originally observed in terminal field f a might instead author a paper in terminal field f a . We define the gender-blind null distribution as follows:
The equivalence relation X ∼ X * indicates that X is a permutation of the authorships in X * which preserves the total authorships per terminal field, the total numbers of male and female authorships, and the number of authorships per paper. Because the denominator in (2) cannot be calculated easily, we sample genderblind hypothetical configurations indirectly using a Markov chain Monte Carlo Metropolis-Hastings sampling procedure. A description of how p faf a are determined by the observed citation flows and the details of the sampling procedure are provided in t supplement. For the main analysis we use 75,000 samples from the null distribution after burn-in to calculate each p-value. For each of the sensitivity analyses, we use 9,000 samples from the null distribution after burn-in.
Supplemental Material
A. Measure of Homophily. Recall that α = p − q where p is the probability that a randomly selected co-author of a randomly selected male authorship is male and q is the probability that a randomly selected co-author of a randomly selected female authorship is male. We calculate the α for the example given in Figure 1 in the main text. In Section 2.B of the main manuscript, we describe a concrete interpretation of α displayed in the "FMPapers" column of Table 1 . In particular, we assume a field consists of 100 2-author papers and let π and 1 − π be the proportion of female and male authorships respectively. We can calculate the number (which may be fractional) of Female-Male papers (F M ), Male-Male papers (M M ) and Female-Female papers (F F ) which would result in a specific α. In this setting
M M + F M + F F = 100 because there are 100 papers total, and 2F F + M F = 200π since π is the proportion of female authorships. Solving for F M , M M , and F F then yields:
B. JSTOR Description. For the multi-author columns, we report the proportion amongst all authorships on a multi-author paper; e.g., all female authorships on multi-authored papers divided by the total count of authorships on multiauthored papers. For the intraclass correlation (ICC) of individuals with unimputed genders, we use the ρ AOV statistic from (Ridout et al., 1999) . This gives a measure of how unimputed authorships cluster by paper. Anecdotally, unimputed authorships are often names which have been Romanized. Thus a high ICC may indicate homophily by race or ethnicity. Table 4 The structural characteristics of each top level field identified by the map equation hierarchical clustering. The "Prop Single-Author" columns display the proportion of papers (authorships) which are single-authored out of all papers (authorships). The "Single-author" ("Multi-Author") column give the proportions of all authorships on single-authored (multi-authored) papers which were imputed a gender based on first name. F-Female; M-Male; UUnimputed. The "ICC" column displays the intraclass correlation of unimputed authorships on multi-author papers.
Prop Single Author
Single The plots below show how the following quantities have changed over time for each top level fields-average number of authors per paper, proportion of papers with multiple authors, and the imputed gender proportions. The values are calculated on the data before the data-cleaning procedure which removes authorship instances with unimputed genders. ships with first names that are used for a single gender with at least 95% frequency in either the U.S. Social Security records or in the genderizeR database. We consider the gender indicator to be missing for authorships that either do not appear in those databases or are not used with at least 95% frequency for one gender. We subsequenty remove authorships with unimputed genders from our main analysis. This removal results in some articles which originally had multiple authors becoming single author papers, which are excluded from the analysis. The following table shows the proportion of authorships and papers which are lost solely due to unimputed genders. The denominator only includes papers which have multiple authors which were published from 1960-2012. The % unimputed column is the % of authors for which we do not impute a gender indicator. The % Lost column is the % of authors (or papers) which are lost after removing the authorships with unimputed gender indicators and then removing the resulting single author papers. For authorships, this percentage includes the authorships with unimputed genders. thorships A, we let f a denote the terminal field and d a denote the document to which a is assigned. We denote the entire configuration of all authorships as X = {f a , d a } a∈A and denote the configuration which we actually observe in the data as X * . We use a Markov Chain Monte Carlo Metropolis-Hastings sampler to draw samples from the gender-blind null distribution:
where the equivalence relationship X ∼ X * indicates that the number of total authorships per terminal field, the total numbers of male and female authorships, and the number of authorships per paper is the same in X and X * . Define a permutation cycle of length l to be a set of authorships {a 1 , a 2 , . . . a l } in which a i is reassigned to the current terminal field and document of a i+1 and a l is reassigned the current terminal field and document of a 1 . Any hypothetical configuration of authorship assignments X can be decomposed into disjoint permutation cycles of the observed data X * . The sampling procedure starts with the observed assignments of authorships to papers within terminal fields and generates assignments X (t) , t = 1, . . . , T by successively modifying the current state by a series of permutation cycles. We generate a proposal for each of these cycles by first randomly selecting a cycle length l from a geometric distribution. Then, l specific authorships are selected to form the permutation cycle. This proposed permutation cycle is then accepted or rejected with the appropriate Metropolis-Hastings probability.
For i ∈ F , let Λ(i) = {r ∈ A : p fri > 0}, the authorships in a terminal field where any authorship originally from terminal field i could be re-assigned.
Algorithm 1 Proposal Procedure
Step 1: Sample Cycle Select authorship a1 uniformly from A Select authorship a2 uniformly from Λ(f * a 1 ) Draw l ∼ Geometric(π) while z < l do z = z + 1 Select authorship az uniformly from Λ(f * a z−1 ) end while
Step 2: Generate Proposal with Cycle
Step 3: Accept or Reject U ∼ Unif(0, 1)
The length of the proposed cycle l ∼ geometric(π), where π is a tuning parameter which regulates the average cycle length. A larger value of π will yield longer cycles resulting in larger changes in the proposal but a lower probability of acceptance; a smaller value of π will yield shorter cycles resulting in smaller changes in the proposal but a higher probability of acceptance. In general, the maximum length of a permutation cycle in the decomposition could be up to |A|, the number of authorships in our corpus. Thus, any distribution which has positive support over 1 . . . |A| would be sufficient for irreducibility. Under this scheme proposed in Algorithm 1, P (X prop ) (as defined by gender-blind null distribution) could be 0 since we have not guaranteed that p m (t) a 1 m a l > 0. In addition, since we are selecting authorships with replacement, P (X prop ) = 0 if an authorship is selected twice on the cycle. However, if we were to sample without replacement we would need to condition on authorships that had been previously selected, so the proposal probabilities would no longer be symmetric since the probability of traversing a cycle would not be invariant to the orientation of the cycle.
Proof. Let X (t) and X (s) be two assignments which differ by cycle A = {a 1 . . . a l }. For notational convenience, let a 0 = a l and a l+1 = a 1 . Then,
G (Start cycle at a i ) G (Traverse Cycle and end at a i |Started at a i )
1 |A| G (Traverse Cycle and end at a i |Started at a i )
A proposal of X (t) from X (s) requires traversing the cycle in the opposite direction.
(8)
G (Start cycle at a i ) G (Traverse Cycle and end at a i |Started at a i ) = i∈ [l] 1 |A| G (Traverse Cycle and end at a i |Started at a i )
Remark 2. The Markov chain produced from the proposal procedure in Algorithm 1 is irreducible if p jk > 0 ⇔ p kj > 0 and the cycle length l is chosen from a distribution with support over {2, . . . |A|} where |A| is the number of authorship instances.
Proof. For each X (s) with P (X (s) |X ) > 0, there exists a decomposition of X (s) into disjoint sets A 1 . . . A m such that A 1 is a permutation of some subset of X . Let X (t) , X (t+1) , . . . X (t+m) = X (s) be the sequence of assignments which correspond to updating the permutation cycles A i , i = 1 . . . m. Since there are a finite number of disjoint cycles and the proposal for permuting each cycle is positive, then the joint probability of permuting all cycles is also positive, so G(X → X (s) ) > 0. Because the transition support is symmetric, we can also reverse each cycle to move with positive probability from X (t) → X . Thus, for any two states X (s) and X (t) with positive probability under the null,
To allow for collaboration across terminal fields, we use observed citation data from one terminal field to another to define the authorship re-assignment probability, p jk , between terminal fields k and j. Here, we make two simplifying assumptions. First, we threshold the citation flow between terminal fields at 5% of outgoing citations. Authorship re-assignments between terminal fields that have little connectivity are highly unlikely. Thresholding the citation data produces a network of terminal fields that is sparser (has greater number of disjoint graph components) which allows the sampling procedure to be parallelized more efficiently. Second, to ensure that our sampling procedure can reach all X (t) that have positive probability under the null distribution, we allow for authorship reassignment between terminal fields to be possible in both directions.
More formally, let p jk be observed the proportion of citations from terminal field j to terminal field k, j, k ∈ F . We define he authorship re-assignment probabilities between terminal fields as follows:
1. Set any proportions p jk < .05 to 0 2. Set p * jk = p jk +p jk 2 3. Renormalize the proportions so n p * jk = 1 This procedure allows us to take into account substantial connectivity between terminal fields and also ensures that authorship reassignments between terminal fields are possible in both directions:
E.1. Sampler Convergence. As recommended by Gelman and Shirley (Gelman et al., 2011) , we take 3 separate chains and discard roughly the first half of each chain as burn in. In particular, we take 3 chains of 45,000 MCMC samples each and discard the first 20,000 from each chain for burn in. Such long chains and burn-in are necessary because all chains were initialized from the same starting values. We then combine the remaining 75000 samples (25,000 from each chain) to estimate p-values for the observed α values. To check for convergence in the distribution of each relevant field, we compare the distributions of α from each chain using a Kolmogorov-Smirnov test as suggested by (Brooks et al., 2003) . Figure 4 shows the p-values for a two-sided Kolmogorov-Smirnov Test for equality of distributions. Because the distribution of α is discrete, instead of using the typical asymptotic distribution of the KS statistic to calculate p-values, we bootstrap p-values using the R function ks.boot from the Matching package (Sekhon, 2011) . We see that the p-values across all comparisons are relatively uniform as we would expect if the distribution of α across all chains were similar. E.2. Comparison with Naive Approach. We can compare the expected value of α from the null distribution which accounts for structural and compositional homophily (Eq. (2) in the main document) to the expected value of α from a naive null distribution which only accounts for structural homophily. We construct a naive null distribution for each level l = 1, . . . , 6 in the full hierarchical clustering by preserving all structure of (terminal or composite) fields with depth less than l, but treating all fields of depth l as a terminal field. We then recalculate the swap probabilities p fa,f * a given the citation flows, and then run the sampler for 5,000 samples. We discard the first 1,000 as burn in and use the remaining 4,000 samples to calculate an expected value and calculate p-values.
Columns labeled "Struct" provide the expected value of α, the expected number of female-male papers, the p-value for behavioral homophily, and the number of significant composite fields under the null hypothesis of only structural (but not compositional) homophily. Under only structural homophily, the expected α value is smaller than the expected α when also preserving compositional homophily. In addition, the p-value decreases for all top-level fields when only considering structural homophily. In many top-level fields, the number of composite fields with behavioral increases when only capturing structural homophily and never decreases. Table 6 Comparison of naive analysis only preserving structural homophily to main analysis. In the main manuscript, we control the false discovery rate at .05 with the Benjamini-Yekutieli procedure (Benjamini and Yekutieli, 2001 ) which allows for arbitrary dependence of the p-values, but is more conservative than the Benjamini-Hochberg procedure (Benjamini and Hochberg, 1995) , which only allows for certain types of positive dependence. Table 7 replicates the last 3 columns of Table 1 of the main manuscript using the Benjamini-Yekutieli procedure with an FDR of .005 as well as the Benjamini-Hochberg procedure with FDR rates of .05 and .005. E.4. Secondary Analysis. We examine whether certain terminal field characteristics are associated with statistically significant behavioral homophily. In particular, we fit a logistic regression where the dependent variable is whether or not significant behavioral homophily was detected using the Benjamini-Yekutieli FDR procedure (Benjamini and Yekutieli, 2001 ) with α = .05. We include the following independent variables: the ratio of % of solo-authorships which are female and the % authorships on multi-authored papers which are female (R i ); the log of the number of authorships (S i ); the proportion of female authorships (F i ); an indicator of whether the field is majority female(M i ); and an interaction between F i and M i . The interaction term allows the association of female proportion to differ depending on whether the field is majority female or not. We fit the logistic regression specified in (1) using a generalized estimating equation (GEE) (Vincent J Carey and Ripley, 2015) ; to account for dependency across terminal fields, we use robust standard errors and specify clusters aligning to top level field. We also specify a diagonal working covariance. The results are shown in Table 8 . We see that the ratio of female solo-authorships to female multi-authorships is not significant, but the size of the terminal field and the proportion of female authorships is statistically significant. We also see that both the indicator for whether a field is majority female and the interaction term are not significant at the .05 level. While it is interesting to note that the estimate of the interaction term is negative, we also caution that the estimate may not be precise since the majority female indicator is only positive for < .03 of the terminal fields.
(9) log P r(H i = 1) 1 − P r(H i = 1) = R i + log(S i ) + Alternatively, if we define H i as whether behavioral homophily was detected under the BenjaminiHochberg (Benjamini and Hochberg, 1995) FDR control procedure, we see that the significant/non-significant covariates do not change, but the p-values for the majority female indicator and interaction term are much further away from .05 than when defining significance using the Benjamini-Yekutieli procedure. Results are shown in Table 9 . • Low homophily: Each authorship with a missing gender indicator is assigned a gender at random according to the proportions of observed genders on its original terminal field. This procedure assumes that there is no behavioral homophily in the imputed data because the imputed genders are conditionally independent given the terminal field. Thus, it gives a reasonable lower bound on the homophily we might have observed given the full data.
• High homophily: Each authorship with a missing gender indicator is assigned a gender at random according to the proportions of observed genders on its original paper. If the original paper contains only authorships with missing gender indicators, we assign all authorships on the paper the same gender indicator which is drawn randomly according to the proportions of observed genders for its original terminal field. Because papers with at most one assigned gender indicator are homophilous by construction, this provides a reasonable upper bound on the homophily we might have observed given the full data.
For each scenario, we carry out 10 imputations and then repeat the entire sampling and testing procedures used for the main analysis. Table 10 gives the resulting percentages of terminal, composite, and top level fields with significant behavioral homophily under the Benjamini-Yekutieli FDR procedure with α = .05 under the low and high homophily missing data imputation scenarios. We observed that, on average, 7%, 25%, and 78% of terminal, composite, and top level fields exhibit statistically significant respectively in the low homophily scenario; for the high homophily procedure the corresponding averages are 54%, 82%, and 100%. 
